The complexity of the human proteome, already enormous at the organism level, increases further in the course of the proteome analysis due to in vitro sample evolution. Most of in vitro alterations can also occur in vivo as post-translational modifications. These two types of modifications can only be distinguished a posteriori but not in the process of analysis, thus rendering necessary the analysis of every molecule in the sample. With the new software tool ModifiComb applied to MS/MS data, the extent of modifications was measured in tryptic mixtures representing the full proteome of human cells. The estimated level of 8 -12 modified peptides per each unmodified tryptic peptide present at >1% level is approaching one modification per amino acid on average. This is a higher modification rate than was previously thought, posing an additional challenge to analytical techniques. The solution to the problem is seen in improving sample preparation routines, introducing dynamic range-adjusted thresholds for database searches, using more specific MS/MS analysis using high mass accuracy and complementary fragmentation techniques, and revealing peptide families with identification of additional proteins only by unfamiliar peptides. Extensive protein separation prior to analysis reduces the requirements on speed and dynamic range of a tandem mass spectrometer and can be a viable alternative to the shotgun approach. Molecular & Cellular Proteomics 5:2384 -2391, 2006.
The human proteome is the most complex system in molecular biology. Today's consensus puts the number of human genes in the range from 20,000 to 25,000 (1) . Further complexity is added at several levels mainly in the form of alternative splicing and post-translational modifications (PTMs). 1 It is believed that at least 40 -60% of all human genes give alternative splicing isoforms (2, 3) . Large scale studies on chromosomes 21 and 22 indicate that over 80% of the genes could undergo alternative splicing (4) . Once synthesized on the ribosomes, most proteins undergo a multitude of PTMs, the exact type and position of which often cannot be predicted based on genetic information alone. These PTMs can consist of protein chains being cleaved, many different chemical groups can be attached to them (e.g. acetyl, methyl, phosphoryl, sugars, and lipids), and finally proteins can be internally or externally cross-linked by e.g. disulfide bonds. More than 200 different types of PTMs are currently known, and many more are yet to be discovered (5) . With 20 common amino acids, this figure corresponds to more than 10 different types of PTM per amino acid. When combining the complexity generated by alternative splicing with that produced by PTMs, the current estimate of the number of different protein molecules expressed in a given individual organism is close to a million, which is roughly 50 forms per gene (6) . Because an average human protein consists of 500 amino acids, the overall modification rate is approximately one modification per 10 amino acid residues. With all likelihood, this figure is an underestimation, perhaps even a significant one.
The extent of modifications in a proteome sample is of importance not only for biology but also for analytical sciences. For instance, the extent of modifications is very important for shotgun proteomics, which is based on identification of (largely unmodified) peptides derived from enzymatically digested complex protein mixtures (7) . The shotgun approach is known to face the so-called dynamic range challenge arising from the fact that concentrations of proteins in whole proteomes or complex mixtures such as blood plasma differ by many orders of magnitude (8) . For instance, relative protein concentrations in human plasma range from 1 to 10 11 (9) . The challenge therefore is to detect low abundance peptides in the presence of much more abundant competitors (10) . Extensive modifications can exacerbate this problem significantly as traditional database search approaches allow for only a few modifications to be included in the search; these are usually the most frequent modifications, such as deamidation and methionine oxidation. Abundant modifications could reduce the detection probability as modified peptides from abundant proteins might mask peptides from low abundance proteins. This could result in an elevated rate of false positive identifications and/or affect the reproducibility of the proteome analysis, which is rather poor (9) .
Sample treatment and preparation for proteomics analysis can also result in in vitro modifications. Some of these modifications are relatively easy to recognize, such as carbamidomethylation of cysteine residues (11), but most in vitro modifications can also occur in vivo, such as methionine oxidation (12, 13) and asparagine deamidation (14 -17) . With no method existing for a priori distinguishing between in vitro and in vivo modifications, mass spectrometry has to make a full sample analysis with filtering out in vitro modifications after the data processing step. The extent of in vitro modifications is difficult to estimate as most of them occur substoichiometrically. In the most extensive to date analysis of PTMs of individual proteins (18) , the ratio between in vivo and in vitro modifications was ϳ1:3. Assuming this ratio to be typical, a usual shotgun proteome sample would therefore yield 0.4 in vivo ϩ in vitro modifications per amino acid. This corresponds to four to five modified peptides for each unmodified tryptic peptide with the average length of 10 -12 amino acids. Even this figure is likely an underestimation. Reacquiring replicate samples has shown only a 50% overlap in identified peptide sequences (19) , and this observed detection probability is different for low abundance modified peptides compared with high abundance unmodified peptides.
Even when abundant, unmodified, and well isolated proteins are digested in solution the number of detected peptides exceeds the number of expected tryptic peptides by at least an order of magnitude (20) . With low resolution MS/MS instruments using only collision-activated dissociation, the success rate of identification of tryptic peptides with a few trivial modifications allowed is only 5-6% (21), whereas with high resolution instruments successful identifications are obtained for 10 -15% of produced MS/MS spectra (22) . Success rates of automatic data assignment over 60% have been reported (23) , but these results concern analysis of highly purified and rather simple protein mixtures and not shotgun proteomics. The more typical success rate for shotgun proteomics of 5-15% identification has been mostly blamed on the poor quality of many MS/MS spectra. However, recently introduced S-score analysis (24) has revealed that only 30% of data are of insufficient quality, whereas approximately half of the remaining 70% of data were either modified peptides or sequences not present in the database (24) . This result has triggered the development of the first proteomics-grade de novo sequencing procedure, which increased the amount of assigned MS/MS data to 35%, the record for the shotgun approach (25) . Still many good quality MS/MS spectra remained unexplained; this could be due to extensive modifications.
Here we report on a study undertaken to quantify the extent of modifications using the novel ModifiComb approach (26) . The ModifiComb program analyzes MS/MS information and assigns to base peptides (unmodified, known peptide sequences) so-called dependent peptides, i.e. modified versions of the base peptides. The ⌬M histogram that ModifiComb creates contains information on all modifications present in the sample above a certain level, in our case substoichiometric modifications present in a dynamic range of 1:100. Unexpected and novel modifications can easily be revealed by ModifiComb (23) as well as the number of modified peptides and the types of modifications for any given base peptide.
EXPERIMENTAL PROCEDURES
Sample Preparation-500 g of A431 human epidermoid carcinoma and SD1 human acute lymphoblastic leukemia cell lysates was loaded onto four independently prepared one-dimensional SDS-PAGE gels (ϳ30 -200 kDa). Fixing and staining of the gels were performed using ethanol for the SD1 and one of the A431 cell lysates, whereas methanol was used for the remaining two A431 cell lysates. All protein bands were visualized with colloidal Coomassie Blue. The lanes were excised into 30 -35 equally sized fractions, and samples were in-gel reduced, alkylated, and digested with modified sequencegrade trypsin (Promega, Madison, WI) as described previously in the literature (11) . Finally the samples were vacuum-centrifuged to remove all organic solvents and reconstituted prior to analysis in 20 l of HPLC water containing 0.1% TFA (Sigma).
Nanoflow LC/MS/MS-All experiments were performed on a 7-tesla hybrid linear ion trap Fourier transform mass spectrometer (LTQ FT, Thermo Electron, Bremen, Germany) modified with a nanoelectrospray ion source (Proxeon Biosystems, Odense, Denmark). The high performance liquid chromatography setup used in conjunction with the mass spectrometer consisted of a solvent degasser, nanoflow pump, and thermostated microautosampler (Agilent 1100 nanoflow system). A 15-cm fused silica emitter (75-m inner diameter, 375-m outer diameter; Proxeon Biosystems) was used as analytical column. The emitter was packed in-house with a methanol slurry of reverse-phase, fully end-capped Reprosil-Pur C 18 -AQ 3-m resin (Dr. Maisch GmbH, Ammerbuch-Entringen, Germany) using a pressurized "packing bomb" operated at 50 -60 bars (Proxeon Biosystems). Mobile phases consisted of 0.5% acetic acid and 99.5% water (v/v) (buffer A) and 0.5% acetic acid and 10% water in 89.5% acetonitrile (v/v) (buffer B). 8 l of prepared peptide mixture was automatically loaded onto the column and rinsed for 20 min in 4% buffer B at a flow rate of 500 nl/min followed by a 90-min gradient from 4 to 45% buffer B at a constant flow rate of 200 nl/min. MS analysis was performed using unattended data-dependent acquisition mode in which the mass spectrometer automatically switches between a high resolution survey scan (resolution ϭ 100,000; m/z range, 200 -1600) followed by lower resolution fragmentation spectra (electron capture dissociation (27, 28) followed by collision-activated dissociation; resolution ϭ 25,000) of the two most abundant peptides eluting at a given time.
Peptide and Modification Identification-Acquired RAW files were converted to dta files using Extract_msn through BioWorks Browser (Thermo Electron), and complementary pairs were identified as described previously (22) . Base peptides were identified by searching against the International Protein Index (IPI) human database (version 3.14; 57,032 sequences; downloaded January 9, 2006) using the Mascot (29) search engine (version 2.1, Matrix Science, London, UK). Searches were performed with trypsin specificity (30) , and mass tolerance for monoisotopic peptide identification was set to 5 ppm and Ϯ0.02 Da for fragment ions. The instrument setting was "ESI-FTICR," which only permits b, y, b Ϫ NH 3 , and y Ϫ H 2 O fragment ion types. Only base peptides having a Mascot score (M-score) above the significant threshold of 26 were used for this study (p Ͻ 0.05). For identification and validation of the dependent peptide sequences revealed by ModifiComb, all data were researched with the Mascot search engine allowing for the known or user-defined variable modifications. The peptide mass tolerance, mass accuracy window for fragment ions, and enzyme specificity as well as the instrument settings were kept unchanged. Parsing of data and statistical analysis of the search results reported by Mascot were performed using the open-source software MSQuant (50) .
RESULTS
Tryptic mixtures for whole proteomes of the human cell line A431 were analyzed; 16,130 unique peptide sequences were identified. To determine the influence of the instrument speed on analysis result, the same sample was run again, this time producing 11,301 unique sequences. The overlap between two independent runs was 6,605 sequences, or close to 50%. Thus half of the abundant peptides are not detected in a single run due to the limited speed of the instrument, and each sample needs to be run at least twice with MS/MS data pooled. Fig. 1a shows the ModifiComb ⌬M histogram for the pooled A431 data. Two quantities were of particular interest: the average number of modified peptides per base (unmodified) peptide for the whole proteome (N av ) and the respective figure (N ab ) for an abundant protein. The N av value was found to be 2.4. To verify this result, the data were analyzed for a different cell line (SD1), and a very similar N av value of 2.2 was obtained.
All of the most abundant modifications detected in Fig. 1a may occur both in vivo and in vitro, including deamidation and oxidation (31) , methylation (32) , and formylation (33) . To highlight the role of sample preparation, methanol was replaced by ethanol during fixing and staining of the one-dimensional gel. This procedure is usually quite time-consuming (overnight procedure) and therefore could be a large contributor to in vitro modifications (34) . The resultant ModifiComb ⌬M histogram is shown in Fig. 1b . Although frequencies for some modifications, first of all methylation (⌬M ϭ ϩ14.02), have dramatically decreased, some other modifications appeared with increased abundances, in particular oxidation of tryptophan into kynurenine (⌬M ϭ ϩ3.99). This modification has been known for over 35 years since it was first identified in hen egg white lysozyme (35) . Previously it was assumed that tryptophan oxidation was analogous to methionine oxidation and therefore a common artifact of sample handling (36). But Taylor et al. (37) showed that tryptophan oxidation is not correlated to methionine oxidation, and since then it was believed to predominantly be an in vivo protein modification. The increased levels of tryptophan oxidation in our experiments indicate that ethanol facilitates in vitro formation of this modification, which needs to be further analyzed. But the N av value did not significantly change: it was found to be 2.2 in the case of ethanol versus 2.4 for methanol. To be certain that the observed differences between methanol-and ethanol-treated samples was due to the solvent change, a second batch of A431 prepared in ethanol was analyzed. A high correlation was found (r ϭ 0.93, data not shown) between ModifiComb histograms of two ethanol samples, whereas between samples treated with different alcohols the correlation was poorer (r ϭ 0.73, data not shown). The lowered correlation was mainly due to large differences in a few ⌬M channels, like methylation and oxidation of tryptophan. This result confirms that the observed difference in modifications states of the samples was indeed due to the solvent change.
The N av value of Ͼ2 modified peptides per each unmodified one is an average figure for proteins of vastly different abundances. This value should be much higher for very abundant proteins. As a model for such a protein, actin was chosen, accounting for 5-10% of the total protein content. Actin is a 43-kDa cytoplasmic protein that serves as a main component of the cytoskeleton system in eukaryotic cells (38, 39) . A ModifiComb ⌬M histogram for actin (IPI00021438) pooled from three experiments is shown in Fig. 2 . Here the N ab value (average number of dependent peptides per unmodified one for an abundant protein) is 6.5. The full list of the number of unique dependent peptides for each of the 26 detected base peptides (sequence coverage, 95%) is given in Table I . Note that 11 base peptides have 10 or more dependent peptides.
The peptide with the sequence HQGVMVGMGQK was selected for more detailed investigation. Table II presents data on the dependent peptides found for this peptide, including their relative abundance. Some of the dependent peptides had multiplicity Ͼ1, meaning that several chromatographically separated modified molecules with the same modification mass appeared in the same LC/MS/MS dataset. This could be due to the modification being present at different amino acid residues (e.g. one of the two methionines present). Potentially a structural modification like racemization of amino acids could cause a significant change in the elution time in nano-LC (40) . If one takes into account the multiplicity of different isoforms of the dependent peptides, the N ab value increases to 7.8. Again this figure is clearly an underestimation as it embraces only modifications with the mass Ϫ100 . . . ϩ100 Da, excluding such abundant modifications as glycosylation. Besides, this figure is based on three LC/MS/MS runs, each with a 50% probability of detecting a peptide with average abundance, which gives ϳ88% probability to detect all peptides. The 12% correction increases N ab to 8.7. Note also that some large and highly modifiable peptides appeared 
TABLE I List of detected base (unmodified) peptides of the abundant protein actin in a human proteome sample (A431 cell line)
Mowse scores (M-score) of unique base peptides and numbers of unique dependent peptides detected for each base peptide by ModifiComb are given. The data are pooled from three independent LC/MS/MS runs. in Table I with multiplicity of 1 (e.g. peptide 213-237 containing Cys, Gln, and Met and peptide 256 -283 containing Cys, Gln, and two Met residues). The dependent peptides for these molecules are probably present in the sample but remained undetected. Thus the true value of N ab should exceed 10 and become comparable with the typical width of a tryptic peptide (10 -12 residues). The likely reason for the low multiplicities of long peptides is their very high acidity (Table I) , which leads to high m/z values at which their ions appear in mass spectra (41) . The high m/z value is detrimental for detection due to the time-of-flight effect during ion transfer from the linear ion trap to the FT detector. If only peptides not exceeding 20 amino acid residues are considered (21 of 26 peptides in Table I ), a decent correlation is obtained between their length and the number of dependent peptides excluding the multiplicity factor (Fig. 3) . The correlation factor r ϭ 0.68 is far greater than the threshold value of 0.55 that requires for n ϭ 21 data points to reject with 99% certainty the null hypothesis that there is no linear correlation (42) .
Note that the slope of the linear fit in Fig. 3 is close to one, meaning that one residue length increment results on average in one extra modified peptide form. Thus both the slope in Fig. 3 and the N ab value point toward the same average modification rate: close to one modification per amino acid residue. This new estimate is 2.5 times higher than the conservative estimate based on the 1:3 ratio of in vivo and in vitro modifications (18) . DISCUSSION The presence of many substoichiometric modifications does not require the mass distribution of an intact protein to be exceptionally broad if such distribution is observed with an instrument possessing limited dynamic range. Consider an analogy with the isotopic distribution of the small protein glucagon, C 153 H 224 N 42 O 50 S. Glucagon molecule contains 470 atoms, close to the number of amino acid residues in an average human protein. Each of the 470 atoms can appear in at least two forms, the light, most abundant isotope and the heavy isotope(s). Neglecting the fine structure of isotopic masses, there are at least 521 main "isoforms" of the same molecule, each with unique molecular mass that differs from any other isoform by at least 1 Da. Yet the "unmodified" Table I with the length not exceeding 20 amino acids (AA).
TABLE II List of dependent peptides detected for the base peptide HQGVMVGMGQK from actin in the pool of three datasets from A431 cell lines
Relative (Rel.) abundances of modified peptides are determined as the integral of the chromatographic peak of their most abundant charge state normalized by the corresponding value for the base peptide. ⌬RT is the average difference in retention times (in minutes) between the base and the dependent peptide in reversed-phase nano-LC. Multiplicity is the number of distinct chromatographic peaks detected for the same modification mass. For peptides having multiplicity Ͼ1 the average ⌬RT value is listed. (monoisotopic) form composes 13% of the total isotopic abundance, and the most abundant form contains just two "modifications" (its mass is 2 Da above the monoisotopic mass). With the dynamic range of analysis 1:10, only six isoforms (isotopic peaks) are observed in the mass spectrum, with 1:100 nine isoforms are observed, with 1:1000 12 isoforms are observed, and so on. Although the most common "modification" increases the atomic mass by 8.3% ( 13 C compared with 12 C), the overall mass increase due to modifications is only 0.06%.
⌬M
Bearing this analogy in mind, one should not be surprised that extensive substoichiometric modifications of human proteins do not result in extraordinary broad isoform distribution or large increase of the molecular mass. Only with a very large dynamic range of detection does a multitude of isoforms become apparent. In the case of glucagon, Ͼ30 isotopic isoforms become detectable with the dynamic range of measurements 1:10 11 . Thus the high modification rate of tryptic peptides will have the most impact on measurements performed with high dynamic range. Fig. 4 depicts a theoretical distribution of concentrations of unmodified tryptic peptides in a complex biological sample, such as a whole proteome or blood plasma. The distribution is assumed to be normal on a logarithmic scale (43) with concentrations starting at 10 mg/ml and peaking at 10 Ϫ4 mg/ml, some 5 orders of magnitude below that of the unmodified peptides (solid line). Assuming that 10 modified forms of every tryptic peptide have concentrations 2-100 times below that of the respective unmodified molecule (the distribution of concentrations of modified molecules is homogeneous), a distribution of modified peptides is obtained (dashed line). This distribution is broader than the former, and it peaks near 10 Ϫ6 mg/ml, almost t2 orders of magnitude below that of the unmodified peptides.
The ratio between the number of modified and unmodified peptides (not necessarily of the same sequence) as a function of concentration derived from Fig. 4 is shown in Fig. 5 . This ratio, initially small, changes dramatically with concentration. When measurements are performed with the dynamic range 1:1000 (above concentrations of 0.01 mg/ml), the number of unmodified peptides detected exceeds that of modified peptides. Thus modified peptides can be ignored without severe effect on the database search efficiency and false positive rate of protein identification. However, in the interval of the dynamic ranges between 1:1000 and 1:10 7 (concentrations down to 10 Ϫ6 mg/ml), several modified peptides will be detected per each unmodified one. In the region below 1:10 7 , the ratio rapidly grows in favor of modified peptides, exceeding 100 at 1:10 9 . In these regions, the presence of modified peptides can no longer be ignored and must be addressed by choosing an appropriate strategy.
The strategy for eliminating the difficulty posed by the multitude of modified peptides cannot be based on more extensive peptide separation or on increasing the dynamic range and speed of the mass spectrometer used. One obvious effort is to determine the extent of in vitro modifications and to optimize the sample preparation routine to minimize the side reactions. Another feasible way is to apply much more stringent criteria for identification of low abundance peptides compared with high abundance molecules. Note that modified peptides have in general a high rate of matching with unmodified sequence libraries, including reversed sequence data- bases (44, 45) . The impact of an elevated rate of false positives on reliability of protein identification can be significant for low abundance proteins. In a recent study, transition from 1 to 5% false positive rate for peptides resulted in erroneous assignment of eight of nine of the additionally (mis)identified proteins (46) .
Applying more stringent criteria for low abundance peptides may require taking into account all possible modifications while doing a database search, although this is a formidable task. Inclusion of variable modifications greatly extends the database in which the search is performed. Because the reversed ("decoy") database will expand respectively, the false positive rate determined as the frequency of random matches to the reversed database may also increase significantly. For instance, addition of just one modification, phosphorylation affecting Ser, Thr, or Tyr, can double the false positive rate at the same threshold score (46) . To avoid explosion of false positives, increasing the threshold acceptance score will be needed; this can be detrimental for the sensitivity of the analysis and for the rate of false negative identifications.
Another aspect is the speed of data processing. With conventional search engines, inclusion of more than 8 -10 variable modifications can slow the search by several orders of magnitude. "Blind" searches that do not assume a priori modification types are more time-efficient than searches with explicitly listed variable modifications (26, 47) , but they are also more demanding in terms of data quality. Thus the benefits of high mass accuracy, including that in MS/MS, and complementary fragmentation techniques (22) are becoming even more apparent (48) .
An alternative to the inclusion of a myriad of PTMs in the database search and an increase in the acceptance threshold can be extensive presorting of MS/MS data before database search. There are number of strategies available for determining similarity between MS/MS data, e.g. ModifiComb (26, 47) . All mutually similar MS/MS data can be classified by these approaches as belonging to one peptide "family." Thus the whole dataset can be separated into a large number of peptide families, each family being significantly different from any other family according to the criteria used. To each family a unique peptide sequence can be assigned through the database search or de novo sequencing. Each protein can only be identified by at least one unique peptide family. Such analysis should severely reduce the risk for a modified version of an abundant peptide to be misidentified as an unmodified peptide with a different sequence. However, the same prefiltering may put in the same family non-modified sequences that are homologues but different, thus increasing the rate of false negatives.
Extensive separation of proteins or protein isoforms (with depletion of abundant proteins as an optional first step) prior to digestion ensuring that concentrations of molecules in every fraction are more or less similar may be a viable alternative to the shotgun strategy. Such analysis will be fully compatible with the dynamic ranges 1:100 to 1:1000 that are typical for most modern mass spectrometers. The medium dynamic range analysis will detect only major modifications for each protein and ignore rare isoforms; this is suitable and even desirable in some applications as many in vitro modifications will be kept below the detection threshold and thus remain undetected. Complexity of the protein fraction should be such that the number of protein isoforms per fraction does not exceed 10 -100. Modern two-dimensional techniques can routinely separate complex protein mixtures into a few hundred non-overlapping fractions (7, 49) , which may be enough to reduce the average fraction complexity to the desired level.
Realization that the needle of unmodified, low abundance peptides can be easily lost in the haystack of abundant modified peptides should not be viewed as a fatal blow to the shotgun strategy that has proved its utility in many studies. To the contrary, the challenge should be perceived as a strong driving force for the development of better sample preparation and protein separation techniques and novel, more informative MS/MS approaches. In our view, such approaches should be based on high mass accuracy in both MS and MS/MS and complementary fragmentation techniques (48) .
